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Abstract— A majority of civil aviation disasters over the 

past few decades (58%) has been attributed to ‘Pilot Error’ - a 

phrase generally used to describe wrong decisions, actions or 

even inaction by a pilot of an airplane, which is determined to 

be a major contributing factor in accidents involving the 

deaths of many passengers. It includes lapses in judgment due 

to fatigue, extreme habits, oversights and failure to follow 

correct protocol. This paper demonstrates how we can use 

pilots’ real-time physiological metrics to determine and predict 

their various cognitive states, thereby developing a model that 

can be installed in warning systems to ensure they are fully 

focused on to the task at hand. 

Keywords—exploratory data analysis, multi-class 
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I. INTRODUCTION 

Surprisingly, Pilot Error has been known to cause the 
most number of airline accidents in the recent decades [1]. 
The chart below describes the different reasons for airline 
accidents. It has been compiled by the PlaneCrashInfo.com 
database, showcasing 1,104 accidents from 1960 to 2015, for 
which a definitive cause was known. If there were multiple 
causes, the most prominent cause was taken [2]. 

 

Fig. 1 Reasons for Plane Crashes. 

Some examples of Pilot Error include: (i) TransAsia 
Airways Flight 235 (6th February 2015)–during a regular 
flight, one of the ATR-72's engines caught fire and 
experienced a flameout. Since modern airplanes are capable 
of flying on a single engine, thepilot then had to shut down 
one of the engines. However, the absentminded pilotshut off 
the engine that was functioning correctly and left the plane 
without any power. Both the pilots struggled to maintain 
control as they tried restarting the engines.The plane then hit 
a bridge and plummeted into the Keelung river, killing 37 
people of the 53 passengers [6]. (ii) Air India Express Flight 

812 (22nd May 2010)–This plane overshot the runway at the 
Mangalore Airport, killing all 158 passengers on board. As 
the plane was on Autopilot, it touched down the runway at a 
steep descent. CVR recordings indicated that the captain had 
dozed off and had woken up just a few minutes before the 
landing happened. His lack of attentiveness made the plane 
land very quickly and steeply, hence running off the runway 
[6]. (iii) Eastern Air Lines Flight 401 (29th December 
1972)–The flight crew were distracted by a problem with the 
landing gear of the plane and hence failed to notice that the 
plane’s autopilot had gotten deactivated. Due to this lack of 
situational awareness, the plane ended up crashing into the 
Florida Everglades. Out of 163 occupants, 88 lost their lives 
[6]. (iv) Colgan Air Flight 3407 (2nd February 2009)–CVR 
recordings showed that the captain and the first officer were 
busy in conversation, completely oblivious to the fact that 
the plane was entering a stall. When the plane’s stick-shaker 
stall warning system got activated, instead of increasing the 
speed of the plane and pulling the yoke up, the captain 
further worsened the situation by pulling the yoke down. The 
plane fully lost control and crashed into a house in 
ClarenceCenter, New York. There were 50 casualties, 
including one person in the house [6]. 

 

Fig. 2 Number of Plane Crashes due to Pilot Error since the 1960s. 

II. SOLVING THE PROBLEM 

Booz Allen Hamilton is an American management and 
information technology consulting firm.Reducing aviation 
disasters is just one of the many problems that Booz Allen 
Hamilton has been working on for business and 
militaryleaders for over a few decades.The company 
conducted a series of experiments in order to determine how 
best we can capture the cognitive states of a pilot during 
flight. The experiment consisted of subjecting real world 
pilots to different thought experiments to observe and record 
their physiological reactions, followed by a full-fledged 
flight in a flight simulator [3].  
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The experiments were grouped into 4 categories: 
Channelized Attention (CA) which is, the state of the mind 
where it is solely focused on a single task at hand and is 
oblivious to all others. Diverted Attention (DA) which is, the 
state of the mindwhere it is periodically diverted by thought 
processes associated with something else, hence getting 
distracted from the task at hand. Startle/Surprise (SS) is the 
state of the mind when the subject is startled or surprised by 
a stimulus. Flight Testing (FT) is where the pilots were 
subjected to an entire flight procedure including take-off and 
landing in a flight simulator.  

Each type of experiment was carried out for about six 
minutes. CA was induced in the pilots by having them play 
an engrossing puzzle-based video game.DA was induced in 
the pilotsby having the them perform a monitoring task on a 
screen. Now and then, a math problem showed up on the 
screen which had to be solved before they could get back to 
the monitoring task.SSwas induced by having the pilots 
watch video clips with sudden jump scares [3]. Using these 
experiments as a benchmark, the physiological data of the 
pilots were recorded in each experiment. The classifier that 
learns this data should be able to predict the cognitive states 
of the pilot during the FT experiment. 

The data collected during the experiments for 18 pilots 
were: 

 ECG – Electrocardiogram recordings show the 
sum of the electrical activity of the cardiac 
muscles in the heart, amplified and recorded in a 
graph in μV. 

 EEG –A measure of brain activity. The 
electrodes attached the head detect brain waves 
and the Electroencephalogram machine 
amplifies and records (in μV) the signals in a 
wave. 

 GSR – The Galvanic Skin Response sensor 
allows us to measure the activity of the sweat 
glands in the body, which is directly related to 
emotional arousal. It measures the electrical 
conductance of the skin in μV. 

 RESP – The Respiration sensor measures the 
rise and fall of the chest as we respire. It 
converts the rise and fall of the rib cage to 
signals in μV and records them in a wave form. 

This dataset by Booz Allen Hamilton was made available 
in Kaggle [3] to be downloaded by the public by as an 
initiative to let data scientists come up with innovative 
solutions. 

III. EXPLORATORY DATA ANALYSIS 

The dataset consists of recorded physiological data for 
the three experiments (CA, DA or SS) that was conducted 
for about six minutes each. For every recording of each 
experiment, the result was that the pilot experienced either a 
Baseline Cognitive State (denoted by A, equivalent to not 
experiencing the other cognitive state) or one of the three 
cognitive states depending on the experiment being 
conducted – SS (denoted by B), orCA (denoted by C), or DA 
(denoted by D). 

A. Distribution of data in the dataset 

Let us look at the distribution resultant states in the 
dataset in table 1. We can see that it is not uniform, with the 
Baseline Cognitive State (A) dominating the rest of the 
states. This is because the state A is present in each of the 
other three experiments conducted. State C has the next 
highest number of recordings, followed by state D, and state 
B has the least number of recordings. In order to explore this 
further, a violin plot of the states against time will explain it 
better. 

 

 

Fig. 3 Distribution of the State of the pilot in the dataset 

 

The violin plot below gives a clearer picture of what is 
happening in each experiment. We can see that the pilots 
were engrossed while doing the CA experiment (C) for 
almost the entire six minutes. This is synonymous with 
Channelized Attention, requiring our attention for the most 
of the time. On the contrary, the DA experiment (D) displays 
humps. This indicates that there were certain intervals where 
the pilot was distracted (Diverted Attention). The SS violin 
plot (B) has a distinctive appearance, which shows that the 
pilots were startled only in the first 100s and the last ~70s. 

 

Fig. 4 Time distribution of the states A, B, C and D. 
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B. Dataset Shift 

In real world data science problems, often the training 
environment and the testing environment are totally different 
[7]. In this case, the training environment is a non-flight 
environment where the pilots are subjected to the 
experiments (CA, DA, or SS) and the testing environment is 
in a fully-fledged flight environment in a flight simulator 
(FT). This difference in environment can cause a change in 
the recorded values of the independent variables due to 
various factors.It will in turn cause wrong predictions and 
worsen the performance of the model over time. Hence, 
before building the model, we check if there is any covariate 
shift (shifting of independent variables) present in our 
dataset. 

 

Fig. 5 ECG distribution in the training environment and test 
environment.  

 

Fig. 6 RESP distribution in the training environment and test 
environment. 

 

Fig.7 GSR distribution in the training environment and test 
environment. 

The above distributions for ECG, RESP and GSR 
respectively show that there isn’t any significant covariate 
shift in our dataset. The training set is denoted by orange 
colour and the test set is denoted by blue colour. The EEG 
distributions are not shown in this paper, but there is no 

significant covariate shift present in the EEG distribution as 
well. 

IV. DATA PREPROCESSING 

In order to normalize the independent variables in the 
dataset for each pilot, the MinMaxScaler class from 
thesklearn. preprocessing library is used.Now, there are two 
datasets – one training dataset and one test dataset. The test 
dataset which contains recordings from the FT experiment 
does not contain a dependent variable in order to calculate 
the accuracy of the model. Therefore, the training dataset 
should be further split into a training set and validation set 
using the train_test_split() method from the 
sklearn.model_selection library.The training dataset is split 
with 80% of the recordings being the training set and the rest 
being the validation set. 

V. DATA MODELLING 

While modelling the data, it has been observed that tree-
based learning algorithms classified the states of the pilot 
best when compared to other classifiers. 

A. Decision Tree Classifier 

The Decision Tree Classifier performs better than other 
tree-based learning algorithms, but it may have become a 
victim of overfitting since the Random Forest algorithm does 
not increase the accuracy of the predictions, but rather 
decreases it. Given below is the normalised confusion matrix 
after predicting the states of the pilot in the validation set. 

TABLE I. NORMALISED CONFUSION MATRIX – DECISION TREE 

CLASSIFIER 

True 

Predicted 

 A B C D 

A 
0.985 0.002 0.003 0.010 

B 
0.039 0.955 0.005 0.000 

C 
0.005 0.000 0.995 0.000 

D 
0.124 0.000 0.001 0.875 

 

B. Random Forest Classifier 

Given below is the normalised confusion matrix after 
predicting the states of the pilot using 10 trees, and then 50 
trees. 

TABLE II. NORMALISED CONFUSION MATRIX – RANDOM FOREST 

CLASSIFIER (10 TREES) 

True 

Predicted 

 A B C D 

A 
0.997 0.000 0.002 0.001 

B 
0.103 0.893 0.004 0.000 

C 
0.006 0.000 0.994 0.000 

D 
0.359 0.000 0.001 0.640 

 

TABLE III. NORMALISED CONFUSION MATRIX – RANDOM FOREST 

CLASSIFIER (50 TREES) 

True 

Predicted 

 A B C D 

A 
0.998 0.000 0.001 0.001 
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True 
Predicted 

 A B C D 

B 
0.065 0.932 0.003 0.000 

C 
0.003 0.000 0.997 0.000 

D 
0.295 0.000 0.001 0.704 

C. Gradient Boosting 

Boosting is an ensemble learning technique in which the 
models are not made independently like in the Random 
Forest Algorithms or other bagging algorithms, but 
sequentially.This technique employs a methodology in which 
subsequent models learn from the mistakes of the previous 
models. Gradient boosting is an ensemble boosting technique 
which typically uses decision trees. It generalizes them and 
predicts a result by allowing the optimization of a loss 
function [5]. In this case we will be using the Light Gradient 
Boosting Machine library in Python (LGBM) [4]. The 
normalised confusion matrix after predicting the states of the 
pilot for the validation set is shown below. 

TABLE IV. NORMALISED CONFUSION MATRIX – LGBM 

True 

Predicted 

 A B C D 

A 
0.946 0.007 0.005 0.043 

B 
0.030 0.969 0.001 0.000 

C 
0.008 0.001 0.991 0.000 

D 
0.058 0.000 0.001 0.941 

 

VI. CONCLUSION 

While modelling the data, it has been observed that tree-
based learning algorithms classified the states of the pilot 
best when compared to other classifiers. 

Over all, the model developed with Gradient Boosting 
would be an apt choice as it handles overfitting well due to 
its ensemble nature and predicts all four classes with a >90% 
accuracy. This model will be used to predict the cognitive 
states of the pilots in the FT experiment. 

In real-time, the model should be deployed in software 
integrated with the dashboard in the cockpits of 
airplanes.The device constantly measures the pilots’ 
physiological data and predicts the state of the pilot, warning 
the pilot during crucial conditions when the plane is being 
flown on manual mode. Using counteractive measures like 
this, we can reduce the risk of aviation disasters. 

For future work, some of the other complex ways of 
tackling this problem is to analyze the data as a time series. 
The dataset consists of timed data of 18 pilots. The data for 
each pilot can be extracted and plotted against each sensor. 
This will reveal hidden patterns in the time series which can 
provide useful insights to further explore the wave form and 
model the data. We will have to sort the dataset according to 
the time for each pilot. A few methods to use in order to 
perform time series analysis is convolutional neural 
networks, recurrent neural networks or regression. In order to 
deploy the model, we will need to develop a minimalistic 
physiological data recording device that does not intrude 
with the pilot’s primary objective – flying the aircraft.  
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